Key Points for Decision Makers {#FPar1}
==============================

We find that challenges of using biomedical big data (BBD) for economic evaluations of precision medicine relate to data management, data quality and data analysis.While data management challenges are primarily practical and may not be long-term obstacles if procedures for data sharing and access are improved, data quality and analysis challenges may require an evolution in economic evaluation methods.Health economists who present work that uses BBD should document challenges and the solutions they have applied to the challenges to support future researcher endeavours.

Introduction {#Sec1}
============

Advances in genomic technologies have led to rapid growth in the availability of genomic data \[[@CR1]\] and a move towards so-called precision medicine, which is often described as the tailoring of health interventions based on patients' individual characteristics \[[@CR2]\]. At the same time, clinical information from electronic health records (EHRs) and healthcare claims data have added to the production of large data volumes \[[@CR3]\]. The linkage of genomic and clinical data sources has created "biomedical big data" (BBD), defined as: "*the emerging technologically-driven phenomena focusing on analysis of aggregated datasets to improve medical knowledge and clinical care"* \[[@CR4]\]. As such, BBD can be seen as a separate type of data with distinctive characteristics compared to big data, health records data, and genomic data.

In a genomic context, BBD primarily enables research into genotype-phenotype associations. However, it can also support the assessment of the economic impact of implementing technologies that facilitate precision medicine into routine clinical care. These technologies include next-generation sequencing (NGS) approaches such as whole-genome sequencing. The integration of these technologies into routine clinical care has been widely discussed \[[@CR5], [@CR6]\]. In the UK, the National Health Service (NHS) in England recently announced the implementation of a national Genomic Medicine Service to provide genomic precision medicine based on NGS \[[@CR7]\]. In the USA, the Centers for Medicare and Medicaid Services (CMS) have recommended covering cancer sequencing nationally \[[@CR8]\].

Ideally, technologies that facilitate precision medicine should only be implemented into routine clinical care if evidence indicates their clinical and cost-effectiveness \[[@CR7]\]. For instance, while NGS technologies are driving the movement towards precision medicine, and evidence on their diagnostic yield seems to favour implementation, evidence from economic evaluations on their cost-effectiveness is less clear \[[@CR9]\]. Economic evaluations that make use of rich BBD on patient resource use and health outcomes over time could contribute to the evidence base on whether precision medicine approaches based on technologies such as NGS are cost-effective. A study by Lorgelly et al. is a good example of the use of BBD within a health economic context, presenting potential benefits and challenges of working with high-volume and high-variety data. This study linked data from the Australian prospective genomic cohort study (Cancer 2015) with healthcare reimbursement data to explain variations in health expenditure, for example assessing the presence of particular mutations and their effect on healthcare costs \[[@CR10]\]. The advent of large-scale national genomic sequencing projects such as the 100,000 Genomes Project in the UK could lead to similar studies being undertaken to eventually inform economic evaluations \[[@CR11]\].

Although there is potential value in incorporating BBD into economic evaluations of technologies that facilitate precision medicine, there are also practical and methodological challenges. A small but growing literature on the issues surrounding the use of BBD in health economics is emerging, with some researchers tentatively concluding that novel approaches may be required with respect to the management, analysis and interpretation of BBD for use in economic evaluations \[[@CR12], [@CR13]\]. However, most of these articles are commentary or perspective articles, while no review has so far been conducted. A review of the challenges of using BBD for health economic evaluations of precision medicine is therefore urgently required. The launch of the Genomic Medicine Service in the UK NHS in October 2018 serves as an example of why urgency is warranted \[[@CR14]\]. The decision to widen access to whole-genome sequencing for patients with rare diseases and cancer has been taken within the internal policy-making environment of the NHS, but no health economic evaluations have been published that support sequencing at scale. Studies that use linked BBD to provide decision-makers with information on the cost-effectiveness of genomic precision medicine would therefore be informative. However, when conducting such studies, challenges may arise. The aim of this literature review is to summarise these challenges. Given the interdisciplinary nature of the research conducted on this topic, we also summarise the links between the challenges identified in different disciplines.

Methods {#Sec2}
=======

Literature Search Strategy {#Sec3}
--------------------------

The following five databases were searched: Medline, Embase, EconLit, The Cochrane Library, and the Centre for Reviews and Dissemination. The development of the search syntax consisted of three steps. First, a preliminary sample of relevant articles \[[@CR10], [@CR13], [@CR15]--[@CR18]\] from the health economics field that were known to the authors were analysed based on their indexed medical subject headings (MeSH), using the Yale MeSH Analyser \[[@CR19]\] (a description of these articles is provided in Appendix 1). Second, based on identified keywords and MeSH terms, six broader concepts were defined (Table [1](#Tab1){ref-type="table"}). Third, each of the six broader concepts was defined by various index-terms and free-text words, then combined using "AND" and "OR" operators (the full search syntax is provided in Appendix 2).Table 1Literature search concepts and termsConceptExample of search terms^a^Data linkageRecord linkage, linked data, linked records, joined data, joint records, medical record linkage, etc.Electronic health recordsClinical data, biomedical data, patient records, phenotype data, etc.Big dataBig data, -omicsGenomicsGenomics, genetics, pharmacogenomics, pharmacogenetics, whole exome sequencing, whole genome sequencing, etc.Precision medicinePrecision medicine, personalised medicine, individualised medicine, stratified medicine, etc.Health economicsHealth expenditure, health care costs, economic evaluations, cost-effectiveness, cost-benefit, cost-utility, cost-minimisation, cost-consequence, pharmacoeconomics, cost analysis, health technology assessment, etc.^a^This is a sample of search terms used in the literature search

Article Selection Criteria {#Sec4}
--------------------------

Articles were included if they studied issues relevant to the interconnectedness of biomedical big data, precision medicine, and health economic evaluation. The review covered articles published from January 2000 to January 2018 in English, German or Spanish (according to the language proficiencies of the authors). Articles were excluded if they did not meet all of the inclusion criteria, for example discussing precision medicine but not biomedical big data. Non-human-based articles were also excluded.

PF screened all titles and abstracts and excluded irrelevant articles. Full-text articles were then independently assessed by both PF and JB, with any disagreements resolved through discussion. Subsequent to the strategy-driven literature search, two further search methodologies were applied. First, articles that were known to the authors (including those in the grey literature) and that met the inclusion criteria, but that were not identified by the electronic database search, were added to the review. Second, snowballing (the recursive process of gathering, searching and aggregating references) was used to screen the references of included articles for relevant publications \[[@CR20]\].

Data Extraction and Analysis {#Sec5}
----------------------------

Data extraction was undertaken by PF. Qualitative information related to challenges associated with using BBD to conduct health economic evaluations of precision medicine were extracted from each paper. The identified challenges were grouped into categories that were established retrospectively based on the study findings.

Results {#Sec6}
=======

Article Selection {#Sec7}
-----------------

Figure [1](#Fig1){ref-type="fig"} summarises the literature search results. 4426 articles were identified, of which 553 were duplicates. The 3873 remaining articles were screened by title and abstract, and 67 underwent full-text screening. Fifteen articles were eligible for inclusion in the review. Four additional references not identified in the database search but which were known to the authors were then added. Snowballing did not lead to the inclusion of any references. A total of 19 articles were included in the final review.Fig. 1Literature search results

Study Characteristics {#Sec8}
---------------------

Of the 19 articles included in the review, ten were perspective pieces, five were reviews, three were methods papers, and one was a cost analysis. All of the publications were published between 2013 and 2017, with most (*n* = 13) published in 2016.

Challenges {#Sec9}
----------

The challenges identified within the articles were grouped into three categories: data management, data quality and data analysis. These challenges are described below. Table [2](#Tab2){ref-type="table"} presents a summary of the challenges falling into each category.Table 2Summary of challenges of using biomedical big data (BBD) for health economic evaluationsChallengeDescription*Data management*Data storage and computationIncreasing demand for data storage capacity and computational processing power \[[@CR15], [@CR22], [@CR23]\]Costs associated with data storage and computational demands \[[@CR13], [@CR15], [@CR23]--[@CR27]\]Data integration and linkagePresence of semi-structured and unstructured data; lack of adequate and standardised data integration \[[@CR22], [@CR30]\]Linking multiple datasets can be administratively complex and time-consuming \[[@CR10]\]Data access and sharingLack of data sharing procedures \[[@CR30], [@CR31]\]Costs of accessing BBD \[[@CR15], [@CR32]\]*Data quality*General quality issuesLinking heterogeneous datasets into clinically useful information \[[@CR34]\]Uncertainty around the regulatory acceptance of BBD \[[@CR30]\]Quality issues of linked datasets due to missing data \[[@CR32]\]Lack of contemporaneous data (data velocity) \[[@CR10]\]Secondary dataPresence of bias and unmeasured confounding in observational data and the need for advanced statistical technique to account for this \[[@CR16], [@CR32], [@CR37], [@CR40]\]Lack of health outcomes data linked to claims data \[[@CR26]\]Missing data \[[@CR15], [@CR17], [@CR32]\]Clinical miscoding \[[@CR15], [@CR34], [@CR40]\]Presence of heterogeneous and complex data formats (e.g. speech recording, medical imaging, semi-structured text) \[[@CR30]\]EHRsHigh variability in the implementation and quality of EHRs within and across countries \[[@CR16], [@CR22], [@CR30], [@CR34]\]Lack of advanced EHR data cleaning procedures \[[@CR15]\]*Data analysis*Data heterogeneityIncreasing heterogeneity of both diagnosis and clinical management due to stratification of patients; need for multidimensional data analysis methods \[[@CR34], [@CR40]\]Decision-modellingDeparture from classical decision-modelling towards dynamic analysis models and machine learning techniques \[[@CR10], [@CR13], [@CR15], [@CR26]\]Modelling of -omics profiles \[[@CR18]\]Clinical trialsPotential need for n-of-1 trials \[[@CR18], [@CR31], [@CR47]\]*EHR* electronic health record

### Data Management {#Sec10}

Data management refers to the administrative procedures undertaken prior to data analysis. Several issues emerged in the literature related to data storage, integration, linkage, sharing and access. These issues can present obstacles to the use of BBD for health economic evaluations.

#### Data Storage and Computation {#Sec11}

Demand for storage capacity for genomic and clinical data is constantly rising \[[@CR21]\]. The use of BBD requires extensive storage capacity and high computational processing power \[[@CR15], [@CR22], [@CR23]\]. Both requirements involve significant costs, which could present an obstacle for some research institutions, limiting their ability to conduct health economic evaluations in this context \[[@CR13], [@CR15], [@CR23]--[@CR27]\]. The use of cloud storage and computing may alleviate this challenge. However, this will likely introduce issues related to data security and privacy, as an increasing amount of personal data originating from different data sources will be stored centrally, increasing the scale of potential data misuse \[[@CR28], [@CR29]\].

#### Data Integration and Linkage {#Sec12}

Data integration refers to the process of combining heterogeneous data sources. An example is the integration of genomic data into EHRs. Genomic-integrated EHRs are a promising source of BBD for economic evaluations as a high quantity of data required by health economists would be available within a single system. However, challenges exist regarding their use. One major challenge is the structure of clinical and genotypic information in EHRs \[[@CR22], [@CR30]\]. For example, clinical information is often presented in a semi-structured or unstructured format. This limits the use of such information in economic evaluations unless it is further processed and standardised in a structural manner.

The data linkage environment and the linkage process pose additional challenges for the use of BBD in economic evaluations. Linking multiple datasets can be administratively complex and time-consuming, involving research groups, third-party linkage providers and data custodians. In the Cancer 2015 study, researchers performed part of the data linkage themselves, linking patient records on prescription medicines and medical services with cohort and genomic panel data. However, a trusted third party (data linkage unit) was required to link an additional dataset on secondary care resource use, as this required that a de-identified master dataset was returned to the researchers post-linkage \[[@CR10]\].

#### Data Access and Sharing {#Sec13}

Data sharing of EHRs may be necessary to increase study sample sizes, in particular in low-prevalence clinical areas such as rare diseases, where patients access a wide range of clinical services. However, the ease of sharing such components varies and data-sharing procedures are often unavailable \[[@CR30], [@CR31]\]. A second challenge relates to data access. Accessing the various datasets that are combined to form BBD can be very costly \[[@CR15], [@CR32]\]. In the UK, these costs can quickly add up to several thousand pounds \[[@CR33]\]. Both of these challenges will likely prevent health economists from accessing all of the data they need to conduct economic evaluations.

### Data Quality {#Sec14}

Data quality is defined by the appropriateness of a dataset in light of its intended use. The presence of high-quality data is a precondition for successful data analysis. This section describes quality issues related to BBD that could be an obstacle to health economic evaluations. This includes general quality issues, and issues related to the use of secondary data (e.g. claims data) and EHRs.

#### General Quality Issues {#Sec15}

In health economic evaluations, health outcomes and cost data from a variety of sources are often needed. Some of these sources, such as EHRs or claims data, have been used in economic evaluations for decades and are often referred to as "big data". What is different with respect to BBD, however, is the linkage component with genomic and/or other-omics data sources. With respect to this, four general data quality challenges should be noted.

First, it will be a challenge to convert linked datasets that are heterogeneous (e.g. genomic data alongside covariates such as a patients treatment history), of complex format (e.g. medical images, text formats and bioinformatics-specific data formats), and dissimilar in quality (e.g. accuracy of semi-structured clinical data in EHRs compared to endpoint-specific data collected in a randomised controlled trial (RCT) research environment), into clinically useful information for health economic evaluations \[[@CR34], [@CR35]\]. The volume of information within BBD may become so complex that it will be increasingly difficult to judge the clinical relevance of such information.

Second, there is some uncertainty regarding regulatory acceptance of BBD \[[@CR30]\]. A recent European Medicines Agency (EMA) report concluded that BBD is a valuable resource to support medicines assessment, but emphasised the issue of evidence validity, concluding that big data may support but not replace randomised controlled trials \[[@CR36]\]. This could have a knock-on effect on the use of BBD within economic evaluations.

Third, missing data may present a particular problem for BBD, as the proportion of missing data points will likely increase with the number of datasets linked \[[@CR32]\]. Economic evaluations in stratified patient groups with already small sample sizes may therefore become more challenging due to loss of information and a decrease in statistical power.

Fourth, contemporaneous BBD may not be available for data analysis. A key quality indicator for big data is data velocity (the speed at which data are available for analysis); however, velocity might be lower in datasets used for health economic evaluations due to delays in the linkage process \[[@CR10]\].

#### Secondary Data {#Sec16}

Secondary data such as claims data are a key component of BBD \[[@CR26], [@CR37]\]. Although the methodological challenges associated with using such observational data for health economic evaluations are well established \[[@CR38], [@CR39]\], these challenges may be more difficult to resolve in the context of BBD and precision medicine. There are three specific challenges. The first concerns the presence of bias and confounding in observational studies \[[@CR32], [@CR37], [@CR40]\]. Any conclusion on the causality of observed associations in BBD will depend on the control of confounding effects by advanced statistical analysis (e.g. propensity score models, instrumental variable analysis or Bayesian modelling with non-informative priors) \[[@CR32], [@CR37], [@CR41]\]. For instance, Dixon et al. used Mendelian randomization to support the estimation of causal effects of health conditions on costs by using genetic variants as instrumental variables \[[@CR16]\]. Furthermore, a classic example of a confounding variable is the "physician's past experience" with regard to subsequent clinical decision-making and consequential effects on health outcomes \[[@CR42]\]. A physician's diagnostic strategy or treatment decision, indicated by the available data on healthcare service utilisation, could suffer from such confounding, especially in the context of an increasing granularity of care options, or in rare and complex genetic diseases. Additionally, when using claims data in the context of rare and complex genetic diseases, healthcare service utilisation might be biased depending on how likely a patient is to access highly specialised care centres.

The second challenge relates to the lack of health outcomes data linked to claims data \[[@CR26]\] or EHRs. In economic evaluations, health outcomes data is often used to construct QALYs, which measure the effectiveness of health interventions in the form of aggregated health state utility values (HSUVs). The absence of health outcomes information to construct QALYs is not per se a problem, as HSUVs from other studies with similar patient groups can be used. However, in cases where BBD enables the analysis of specific population sub-groups, e.g. patients with rare diseases, the use of HSUVs from other studies may be inappropriate, and of little value for informing economic evaluations.

A third challenge relates to the handling of missing data \[[@CR15], [@CR17], [@CR32]\] and the clinical miscoding of diseases and procedures \[[@CR15], [@CR34], [@CR40]\]. The coding and classification system based on the International Classification of Diseases (ICD) is said to have limited value in the context of rare diseases \[[@CR43]\], and the presence of clinical miscoding can have serious consequences for data analysis \[[@CR44]\], such as the wrongful representation of a patient's care episode, affecting estimates of both clinical events and resource use/costs. This in turn will impact estimates of cost-effectiveness and increase uncertainty in economic models, and may increase the probability of decision-makers making incorrect decisions. In the context of rare diseases, the challenges associated with miscoding may be exacerbated as coding accuracy in the context of the currently used ICD system is limited \[[@CR43]\]. Health economists could potentially make assumptions to resolve miscoding issues, guided by expert opinion. However, as data volumes increase and patient stratification advances, this might be less feasible due to the significant increase in cases experts would have to review.

#### Electronic Health Records {#Sec17}

The availability of EHRs and the breadth of clinical information contained within them have increased considerably in recent years \[[@CR22], [@CR26], [@CR45]\]. However, the use of information from EHRs for health economic evaluations can be challenging. One challenge relates to the use of data from EHRs for computation-analytic exercises. This can be technically challenging due to the presence of various data formats (e.g. speech recording, medical imaging, and semi-structured text) \[[@CR30]\] and variability in the implementation and quality of EHRs within and across institutions and countries \[[@CR16], [@CR22], [@CR30], [@CR34], [@CR46]\]. Moreover, the lack of advanced data-cleaning procedures for EHRs may be an issue for data quality \[[@CR15]\].

### Data Analysis {#Sec18}

The use of BBD for health economic evaluations introduces several challenges for data analysis, including issues related to data heterogeneity, decision-modelling and the conduct of clinical trials.

#### Data Heterogeneity {#Sec19}

Some of the challenges associated with the heterogeneity of BBD have already been noted in the context of data management and data quality. However, the presence of heterogeneous data is equally important with regard to data analysis. The move away from population models towards the stratification of patients into clusters will increase the heterogeneity of both diagnosis and clinical management. Patients may be clustered based on either their specific phenotypic or molecular disease profiles, or their response to treatment \[[@CR40]\]. The use of BBD for economic evaluations of precision medicine will therefore require the development of novel and multidimensional methods of data analysis that account for increasing patient heterogeneity \[[@CR34]\]. In the long term, the results of such methods could potentially challenge the current approach to health technology assessment decision-making.

#### Decision-Modelling {#Sec20}

Economic decision models (e.g. decision trees or Markov models) that bring together information on costs and health outcomes are used frequently in health economic evaluations. The use of such models may, however, be less feasible in the context of BBD \[[@CR13]\]. For example, the modelling of -omics data with underlying biological interactions, multiple -omics profiles, and various time dimensions (e.g. a change in the -omics profile over time) will likely require both novel advanced modelling skills and clinically valid evidence on deep systems biology processes \[[@CR18], [@CR26]\]. Dynamic simulation models, in which various parameters and their time-varying behaviour and complexity are modelled, could be one solution to this problem \[[@CR15]\]. Additionally, predictive analytic models may increasingly be used for the analysis of big data \[[@CR10], [@CR15]\]. Such models are often based on machine-learning techniques and go beyond standard economic probabilistic models.

#### Clinical Trials {#Sec21}

Health economic evaluations alongside clinical trials are key sources of evidence for health intervention implementation. However, trial-based economic evaluations will likely become more complex with the arrival of genomic medicine due to the increasing molecular stratification of trial participants \[[@CR47]\]. This complexity will be amplified by the use of BBD to further stratify patients based on data from large observational data sources. Ultimately, such stratification may result in the need for n-of-1 trials \[[@CR18], [@CR31], [@CR47]\], in which individual patients are regarded as the single case of observation \[[@CR48]\]. A number of challenges have been noted concerning the use of n-of-1 trials to inform economic evaluations. For instance, health outcome measures may be biased due to carryover effects in between two subsequent but different treatments. In addition, questions remain regarding the evaluation of such trials in the context of reimbursement \[[@CR18]\]. However, BBD may allow such n-of-1 cases to be modelled on retrospective observational data, which is in line with the idea of utilising real-world data beyond the clinical trial environment. The validity of such real-world evidence will, however, depend on the quality of data used.

Discussion {#Sec22}
==========

There is potentially value in incorporating BBD---observational real-world patient-level genomic and clinical data in multiple sub-populations---into economic evaluations of technologies that facilitate precision medicine. However, health economists face practical and methodological challenges when using such data in economic evaluations. The aim of this review was to identify and summarise these challenges. Several challenges were identified related to data management, data quality and data analysis. The availability of large volumes of data from multiple sources and the need to conduct linkages within an environment of opaque data access and unclear sharing procedures can lead to issues in data management. However, these challenges are primarily practical and may not be a long-term obstacle if key stakeholders invest time and effort to improve procedures for data sharing and access. The challenges related to data quality and data analysis may be more difficult to resolve. The use of complex and aggregated heterogeneous BBD sources, of which observational data make up a significant proportion, results in challenges related to data quality, such as missing data or the presence of unobserved confounding. Data quality issues also arise due to the increased potential for missing data when multiple linkages are preformed using datasets developed or maintained by several different stakeholders. Finally, the dynamic nature of genomics and the increase in information provided by BBD will likely require health economists to develop dynamic and potentially more complex economic evaluation methods going forward.

This is the first literature review that has considered the challenges of using BBD for economic evaluations of precision medicine. Whilst other articles have analysed potential issues arising in economic evaluations of precision medicine (e.g. in the context of predictive biomarkers, companion diagnostics and/or digital health applications) \[[@CR49]--[@CR51]\], their focus has not been on BBD. The economic case for NGS technologies in the context of precision medicine has recently been discussed in a special report \[[@CR52]\], but the use of linked observational data (e.g. BBD) within economic evaluations of these technologies was not considered, even though some of the existing economic evaluations of NGS technologies use such data \[[@CR53], [@CR54]\]. In light of the various national genomic sequencing initiatives, observational real-world patient-level genomic and clinical data will likely be used to an increasing extent. The challenges synthesised as part of this review, including articles from outside the discipline of health economics, add valuable insight on the use of biomedical big data in the context of precision medicine.

The following limitations should, however, be noted. Issues related to the use of BBD are by their nature multidisciplinary, hence the literature search strategy may have missed relevant articles. Given this, our search strategy was designed to minimise false negatives, which meant that included articles were a small proportion of all screened articles. The search syntax and the results were discussed with a librarian specialised in reviews and were considered to be appropriate. A further limitation is that study quality was not assessed. However, few empirical articles on this topic were identified, so it would not have been possible to apply a quality checklist.

Within clinical contexts such as precision cancer genomics and the development of companion diagnostics, genomic data is commonly used in the form of specific genotype variables that support precision treatments based on the molecular profile of a patient \[[@CR55]\]. The challenges that we have identified may be less relevant in this context when conducting health economic evaluations. However, these challenges are particularly relevant in the context of rare diseases. Few interventions are available in this context and the value of undergoing genomic sequencing may be justified by receiving a diagnosis and avoiding a diagnostic odyssey. The use of retrospective real-world observational data linked with genomic data is vital when assessing value in this rare disease context (e.g. when establishing the optimal time point for the use of whole-genome sequencing in a diagnostic pathway), but presents many of the challenges documented in this paper.

The lack of economic evaluations of technologies that facilitate precision medicine using BBD supports the view that incorporating such information into economic evaluations in this context is challenging. However, this is an area of research that is still in its infancy. Going forward, machine learning techniques might be able to resolve some of these issues; however, it will be challenging to prove dominance of novel big data analytic techniques over commonly applied statistical methods \[[@CR40]\]. For the foreseeable future, health economists who present work that uses BBD should comprehensively document challenges and potential solutions to support future researchers in this field.

Conclusion {#Sec23}
==========

Recent years have seen a massive increase in the production of big biomedical data sets with the potential to inform health economic evaluations of precision medicine. Large-scale BBD linkage initiatives will drive the discipline forward, offering health economists opportunities to analyse individuals and patient subgroups on a micro-level using real-world evidence. Although health economists face various challenges at present when using BBD in economic evaluations, potential solutions to some of these challenges do exist \[[@CR56]\], and these should be thoroughly tested in the coming years. Solving some of these challenges will likely require effective collaboration between highly skilled individuals from different disciplines (including bio-informatics, statistics and medicine, as well as health economics). The challenge of keeping up with the dynamic developments in the field of big data analytics will have to be overcome if the full potential of BBD is to be realised from a health economic perspective \[[@CR22], [@CR23], [@CR27]\].
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